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ABSTRACT

The purpose of this study was to assess the effects of anthropometric height on movement
variability during seven simulated automotive assembly tasks. Twenty participants completed
seven simulated automotive assembly tasks commonly found in industry. The 20 participants
were evenly distributed into one of four groups based on their height. For each group, and
during each task, the following seven time-series joint angle profiles were assessed: Elbow
Flexion/Extension (Flex/Ext), Shoulder Abduction/Adduction (Abd/Add), Shoulder
Forward/Backwards movement (For/Back), Trunk Flex/Ext, Trunk Lateral bending (Lat), Hip
Flex/Ext and Knee Flex/Ext. To compare between groups, Statistical Parametric Mapping (SPM)
was used to assess group differences between mean joint angles over the entire task duration.
Specifically, a SPM one-way ANOVA (p<0.05) was used to evaluate between group differences
and if necessary six pairwise post hoc SPM t-tests (p<0.05) were carried out subsequently.
Analysis of the data indicated that during each task, all four height groups shared at least one
statistically similar joint-angle trajectory. The results further indicated that all during each task,
each height group performed with a unique set of joint-angle profiles which were statistically
different from all other groups. Thus, this study has provided evidence that the amount of
kinematic joint angle variability between individuals of different height groups is dependent on
the joints evaluated and the task performed.

iv

TABLE OF CONTENTS
DECLARATION OF ORIGINALITY ......................................................................................................iii
ABSTRACT ........................................................................................................................................iv
LIST OF TABLES ............................................................................................................................... vii
LIST OF FIGURES ............................................................................................................................ viii
LIST OF ABBREVIATIONS ................................................................................................................. xi
CHAPTER 1: INTRODUCTION ........................................................................................................... 1
1.1

Background....................................................................................................................... 1

1.2

Statement of Purpose ...................................................................................................... 5

1.3

Hypotheses ....................................................................................................................... 6

CHAPTER 2: LITERATURE REVIEW ................................................................................................... 7
2.1 Occupational Musculoskeletal Injuries ................................................................................. 7
2.1.1 Force ............................................................................................................................... 7
2.1.2 Posture............................................................................................................................ 9
2.1.3 Repetition ..................................................................................................................... 12
2.2 Proactive Ergonomics .......................................................................................................... 14
2.2.1 Digital Human Modelling .............................................................................................. 15
2.2.2 Siemens Jack™ .............................................................................................................. 20
CHAPTER 3: METHODS .................................................................................................................. 24
3.1 Study Design ........................................................................................................................ 24
3.2 Participants.......................................................................................................................... 24
3.3 Workstation Descriptions.................................................................................................... 25
Element 1 – Car Door Panel Install ........................................................................................ 26
Element 2 – Side View Mirror Install ..................................................................................... 26
Element 3 – Overhead Fastening with Pistol Grip Power Tool ............................................. 27
Element 4 – Button Press and Wire Routing ......................................................................... 28
Element 5 – Engine Hose Installs ........................................................................................... 28
Element 6 – Right-angle Power Tool (RAPT) Joint Fastening ................................................ 29
Element 7 – Cart Push ........................................................................................................... 29
3.4 Data Acquisition and Analysis ............................................................................................. 30
3.5 Statistical Analysis ............................................................................................................... 31
CHAPTER 4: RESULTS..................................................................................................................... 38
v

4.1 Element 1 ............................................................................................................................ 39
4.2 Element 2 ............................................................................................................................ 41
4.3 Element 3 ............................................................................................................................ 42
4.4 Element 4 ............................................................................................................................ 44
4.5 Element 5 ............................................................................................................................ 47
4.6 Element 6 ............................................................................................................................ 49
4.7 Element 7 ............................................................................................................................ 51
CHAPTER 5: DISCUSSION ............................................................................................................... 54
5.1 Element 1 ............................................................................................................................ 55
5.2 Element 2 ............................................................................................................................ 57
5.3 Element 3 ............................................................................................................................ 57
5.4 Element 4 ............................................................................................................................ 58
5.5 Element 5 ............................................................................................................................ 58
5.6 Element 6 ............................................................................................................................ 59
5.7 Element 7 ............................................................................................................................ 60
5.8 Coordinative Structures and Movement Optimization ...................................................... 61
5.9 Hypotheses Revisited .......................................................................................................... 65
5.9 Limitations and Assumptions .............................................................................................. 66
CHAPTER 6: CONCLUSIONS ........................................................................................................... 68
6.1 Implications to Industry ...................................................................................................... 68
6.2 Future Research Directions ................................................................................................. 69
REFERENCES .................................................................................................................................. 71
APPENDIX ...................................................................................................................................... 83
VITA AUCTORIS ........................................................................................................................... 123

vi

LIST OF TABLES
Table 1 - A sample set of available anthropometric databases in Jack™ (Ulrich & Cort, 2019) ................ 21
Table 2 - Mean, standard deviation, max and min values for each group's height, weight, BMI and age. 25

vii

LIST OF FIGURES
Figure 1 - Recommended zones for visual display to reduce neck head and neck strain (Pheasant and
Haslegrave, 2006) ....................................................................................................................................... 12
Figure 2 - Force × Repetition quadrants superimposed on a fatigue failure curve. LFLR = low force, low
repetition; LFHR = low force, high repetition; HFLR = high force, low repetition; HFHR = high force, high
repetition (Gallagher & Heberger, 2012). ................................................................................................... 14
Figure 3 - A schematic of functions available for ergonomic analysis in DHM (Schaub et al., 2012) ......... 15
Figure 4 -An image showcasing Jack™'s latest avatars with realistic textured features. (Ulrich & Cort,
2019) ........................................................................................................................................................... 21
Figure 5 - The participants performed a two-handed lift of the car door panel (A). The lift was followed
by a two-handed carry of the panel (B). The task ended with the placement of the panel onto a car door
frame (C). ................................................................................................................................................... 26
Figure 6 - The task began with the placement of the mirror onto the door frame (A). Next, participants
had to reach over to their left to grab a nut for fastening (B). Finally, participants manually fastened the
mirror onto the car door (C). ...................................................................................................................... 27
Figure 7 - Participants simulated overhead fastening at 3 pre-marked spots on the car door frame (left to
right)............................................................................................................................................................ 27
Figure 8 - Participants executed 3 pushes of a mechanical button (A). Then participants were required to
maneuver wiring through the car door frame (B). ..................................................................................... 28
Figure 9 - Participants performed a small hose installation (A) followed by a large hose installation (B). 29
Figure 10 - Participants fastened a 30Nm joint with a RAPT. ..................................................................... 29
Figure 11 - Participants simulated pushing a cart for 2.5m. ....................................................................... 30

viii

Figure 12 – Shoulder abduction/adduction joint kinematics dataset for task 1. All trials for the
representative subjects grouped by colour (left). The overall mean (darker line) abduction/adduction
curves and their standard deviation (shaded cloud) for each of the four groups (right) are shown. Both
plots graphed with respect to normalized time to complete the task. ...................................................... 33
Figure 13 – One-way ANOVA analysis of the shoulder abduction/adduction joint kinematics dataset for
task 1. The annotated image depicts where groups exhibited statistically significant differences in joint
angle trajectory. ANOVA results include: the SPM{F} (black line), the region of significant difference
(grey) and the critical threshold of 7.240 (at α = 0.05). The data was graphed with respect to the
normalized time to complete the task........................................................................................................ 34
Figure 14 – Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task
1. The annotated image represents a matrix that depicts which groups exhibited statistically significant
differences in joint angle trajectory. Each group comparison’s results include: the alpha level (α), the
RFT-computed critical threshold (t) and the probability (p) value. ............................................................ 35
Figure 15 - Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task
1. The annotated image represents a matrix that depicts which groups exhibited statistically significant
differences in joint angle trajectory. The area highlighted in red represents the pairwise comparisons
between groups with their means (darker line) and standard deviation clouds (shaded cloud). All data
was graphed with respect to the normalized time to complete the task. ................................................. 36
Figure 16 – Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task
1. The annotated image represents a matrix that depicts which groups exhibited statistically significant
differences in joint angle trajectory. The area highlighted in red represents each group’s t-test
comparison results which include: the SPM{t} (black line), the critical threshold (dotted line) and the
region of significant difference (grey). All data was graphed with respect to the normalized time to
complete the task. ...................................................................................................................................... 37

ix

Figure 17 - One-way ANOVA analysis results for all task elements and joints. The image represents a
matrix that depicts the joint and element where groups exhibited statistically significant differences. The
black boxes represent the joints and elements which groups did not exhibit any statistically significant
differences in joint angle trajectory. Each statistically significant ANOVA result includes: the alpha level
(α), the critical threshold (F) and the probability (p) value. ....................................................................... 38

x

LIST OF ABBREVIATIONS
Abd/Add: Abduction/Adduction
ANN: Artificial Neural Networks
ANOVA: Analysis of Variance
BMI: Body Mass Index
CAD: Computer-Aided Design
COF: Coefficient of Friction
DHM: Digital Human Modeling
DML: Dynamic Motion Libraries
DOF: Degrees of Freedom
DST: Dynamic Systems Theory
Flex/Ext: Flexion/Extension
For/Back: Forward/Backwards Movement
Lat: Lateral Bending
OMC: Optical Motion Capture
RAPT: Right Angle Power Tool
SPM: Statistical Parametric Mapping
WMSD: Workplace Musculoskeletal-Disorders

SPM

xi

CHAPTER 1: INTRODUCTION
1.1 Background
Workplace Musculoskeletal-Disorders (WMSDs) are a significant issue in all labour-based
industries. The consequences of these injuries are severe for the employer financially and
debilitate the worker’s capacity to do their job. Kuorinka et al. (1995) attributed the
accumulated effects of intensity, frequency and duration of exposure as a dictating factor for
the high risk of workplace musculoskeletal disorders. In 2017, there were 1619 lost-time injury
claims reported by the Workplace Safety and Insurance Board in the Ontario automotive sector
(WSIB, 2018) while the American Bureau of Labor Statistics (2018), reported approximately
30,300 serious injuries in the motor vehicle and trailer manufacturing sectors alone. An
estimated $19 billion is spent annually by the Canadian economy on workplace injuries and
illnesses (Gilks and Logan, 2010). With each injury accumulated, workers risk a lack of mobility
in the future while their long-term likelihood for re-injury also increases (Clayton, 2003).
Financially, these losses are just as debilitating to the industry as they increase medical and
insurance costs as well (Kuorinka et al., 1995; Clayton, 2003).
Due to the negative impact of occupational injuries, ergonomists and engineers seek to
proactively mitigate the risk factors associated with musculoskeletal injuries before they occur.
These proactive measures look to reduce risk factors in the design stages of workstation
development to not only lower the risk of injury, but also improve product quality and lean
manufacturing (Falck, Ortengren & Rosenqvist, 2014; Falck & Rosenqvist, 2012).
Major developments in computer technology over the past two decades have aided
manufacturers in taking proactive ergonomic measures, specifically in the area of digital human
1

modeling. Digital human modeling (DHM) technology offers ergonomists and engineers an
efficient means to virtually simulate a large variety of ergonomic issues in the design of
products and manufacturing of workstations. Manufacturing work settings can be designed
with the use of sophisticated computer-aided design (CAD) systems and with the integration of
a computer-rendered human-like avatar, ergonomists/engineers can simulate and rectify realworld ergonomic issues. All DHM software shares a commonality in that they all often
reference an anthropometric database used to scale the avatar to the desired dimensions.
Anthropometric databases are often organized into percentile designations depending on the
population parameters. When users manipulate an avatar’s posture in a virtual environment,
they must often do so manually while providing their own sensible estimates of body
positioning in the environment. This manual posturing has been criticized in the literature, as it
often requires much more time to complete and increases the potential for posturing error
(Kajaks, Stephens, & Potvin, 2011; Lamkull, Hanson & Ortengren, 2008; Raschke, Kuhlmann &
Hollick, 2005; Stephens & Godin, 2006). While some DHM software does offer predictive
posturing capabilities, they are prone to error and do not extend to dynamic movements
(Jones, Reed & Chaffin, 2013; Kim, Reed, & Martin, 2010). Cort and Devries (2019) found a
significant discrepancy between software-predicted postures and actual postures performed
during several manual tasks. Therefore, ergonomists/engineers are currently unable to benefit
from full workstation DHM. For an avatar to demonstrate a realistic movement that is
representative of a specified population, DHMs must reference the avatar motion data from
real human movement data.
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Beyond the scope of this thesis, we plan to create indexed human motion sequences of
common automotive manufacturing tasks. The entirety of the motion collections will be
referred to as dynamic motion libraries (DMLs). Each DML will consist of joint angle-time
trajectories gathered from human movement data while performing specific automotive
assembly tasks. DHMs will be able to employ human motion prediction by retrieving and
referencing a set of motions from the DML, then modifying them according to the specified
scenario. One problem in creating the DMLs will be in accounting for differences between
individuals, especially when doing different tasks (Pasciuto, Ausejo, Celigüeta, Suescun & Cazón
., 2013). A generalized structure of movements will not account for the inherent variability in
movement patterns between individuals (Park, Chaffin, Martin & Yoon, 2008; Pasciuto et al.,
2013; Weiwei, Weiqiang, Peng, Liya & Leiming, 2016). A solution for this is to compile more
movements with more diverse population anthropometrics into the DML data base in order to
account for more individuals in the working population. Although it is impossible to account for
all movement patterns, in all their variations, in any given work environment; it is possible to
generalize and aggregate particular ‘families’ of motions that individuals must execute while
accomplishing these tasks (Zhou, Torre & Hodgins, 2013; Bernard et al., 2013; Weiwei et al.,
2016). In order to produce life-like postures and motion in DHM, simulated motions must be
derived from human motion data often gathered through motion capture.
In order to accurately capture the kinematics of a subject, it would be optimal to
implement motion capture technology directly into the working environment. However, there
are some limitations preventing direct workplace implementation of optical motion capture
(OMC) technology. OMC requires a cumbersome setup of 4-6 cameras in an often enclosed
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workplace environment (Regazzoni, Vecchi & Rizzi 2014). Conditions such as vibrations, other
reflective objects, or potential occlusions which interfere with the ‘line of sight’ for the cameras
all diminish the quality of data collected (Puthenveetil et al., 2015). In addition, some
companies may not allow for recording of their work stations due to privacy concerns
(Puthenveetil et al., 2015). For these reasons, OMC is impractical when implemented directly
into an automobile assembly environment. Nevertheless, the most practical use for OMC is in a
controlled laboratory setting. The motion files captured in this study will not only be used for
kinematic analysis, but will also be contributed to a publicly available DML database for DHM
software systems to utilize.
Typically, ergonomists execute design strategies to accommodate for the extremes of a
population in order to account for most users. This is often accomplished through percentile
designations for bodily dimensions. Particularly, worker anthropometry is taken into account to
develop guidelines for clearance, height and reach specifications. Standard ergonomic design
parameters often account for the 5th percentile female to the 95th percentile male (Pheasant
and Haslegrave, 2006). Percentile designations offer a useful and practical reference for
ergonomists and engineers during design, however they do not account for within percentile
group differences. Body segment attributes may not be consistent within percentile groups or
even proportionally consistent between percentile groups. Within group differences in
anthropometry effect how the size of multiple segments combine to provide a functional
movement. Individuals of similar stature who carry out the same task may execute a different
movement pattern while accomplishing the same task. This study looked to investigate the
kinematic differences between height groups while performing automotive assembly tasks.
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Few studies have assessed the effects of anthropometric height on movement variability
and no known studies have looked at the effects of anthropometric height on movement
variability in automobile assembly. Although originally proposed as a study to create a full
workstation simulation of automotive assembly tasks and collect motion sequences of
individuals within specified percentile groups. Unforeseen circumstances with the COVID-19
pandemic did not allow for data collection and thus, this thesis was based from the Sfalcin et
al., (2019) study which collected similar simulated automobile assembly data. The research
goals remained the same with the exceptional change to the proposed tasks and the proposed
participant groups.

1.2 Statement of Purpose
The purpose of this study was to assess the effects of anthropometric height on movement
variability during seven simulated automotive assembly tasks. More specifically, we
investigated the movement variability between four groups based on their anthropometric
heights. This was assessed by comparing the following seven time-series joint angle profiles,
Elbow Flexion/Extension (Flex/Ext), Shoulder Abduction/Adduction (Abd/Add), Shoulder
Forward/Backwards movement (For/Back), Trunk Flex/Ext, Trunk Lateral bending (Lat), Hip
Flex/Ext and Knee Flex/Ext for all four groups. To achieve our research goals, OMC technology
was used to collect all segmental motions while performing the assembly tasks. The
anthropometric height groups were selected to represent four distinct height regions within the
evaluated participants. The automotive assembly tasks were predetermined to meet ergonomic
standards for whole body posture.

5

1.3 Hypotheses
1. For each joint angle and during each task element, at least one group will have a joint angle
curve that varies statistically significantly (p<0.05) from the rest.
Due to the vast array of possibilities that joint angle degrees of freedom (DOF) can be
organized and coordinated to perform a movement; I find that it is very unlikely that there will
be any similarities in any of the joint angle trajectories between groups for each task.

2. All height groups will exhibit a unique multi-joint coordination pattern during each set of
tasks based on the environmental and task constraints. This will be reflected as a statistically
significant difference (p<0.05) between groups for at least one joint during each task.
Dynamic Systems Theory (DST) suggests that motor control of human movement is a
coordinated interaction of sub-systems within a person. The optimal movement pattern is
reached based on individual, environmental and task constraints. All sub-systems within the
whole are affected by each other and no sub-system is most important in this procedure. For
the current study, the environment and task elements remain consistent between groups,
while the individual characteristics between them differs. With the differing morphology
between groups, we expect to observe joint angle sub-system organization to vary between
groups and produce unique biomechanical movement as a whole.
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CHAPTER 2: LITERATURE REVIEW
2.1 Occupational Musculoskeletal Injuries
WMSDs are a major concern in most occupational fields. They are often caused when the
demands of a task exceed the physical capacity of the worker. There have been several risk
factors identified in the literature known to cause WMSDs, however the most prominent ones
have been identified as force, posture, repetition, and vibration (Shiri and Viikari-Juntura, 2011;
Descatha, Dale, Jaegers, Herquelot & Evanoff, 2013; Korhan & Memon, 2019). Each of the four
risk factors, bare a unique challenge to the specific parameters of any occupational task. The
following sections will discuss force, posture and repetition as they are most pertinent to the
contents of this thesis. It should be noted that most often, it is a combination of conditions that
eventually produce an injury outcome rather than just one of the following factors.
2.1.1 Force

Force is a factor concerned with the necessary strength required to apply an exertion in the
operation of controls or other physical tasks. Physical demands requiring forceful exertions
have been studied, however the type and magnitude of effort required for the exertion varies
depending on the task. Forceful exertions have been shown to increase WMSD risk (Shiri &
Viikari-Juntura, 2011; Descatha et al., 2013). Over-exertion injuries are frequent when an
anatomical structure fails under peak loading because the body’s mechanical strength is
exceeded (Descatha et al., 2013).
The amount of force applied for any given task is dependent on individual muscle
mechanics and overall body mechanics (Hamill, Knutzen & Derrick, 2015). A muscle works by
exerting tension between its points of attachment to bones, this exerts a torque about a joint
7

which the muscle crosses (Ünal, Akkuş & Marcus, 2016). According to the angle-torque
relationship a muscle’s capacity to produce torque (angular force) across a joint is dependent
upon its length (Ünal et al., 2016; Nordin & Frankel, 2012). Generally, muscles are able to exert
their greatest force at or near their position of maximum length (Ünal et al., 2016). Other
factors that impact a muscle’s force generation capabilities include, the muscle’s cross-sectional
area and contraction velocity (Ünal et al., 2016). When exerting forces to external objects, a
combination of muscles act through several bony levers to produce any given movement
(Nordin & Frankel, 2012). Equation 1 shows that moment/torque is directly related to the
moment arm and force vectors.

Equation 1 - Relationship between torque and force where 𝜏 represents torque in Newton-meters, r is the
distance between the fulcrum and the point at which force is applied in meters, F is the amount of force
applied and sin θ represents the angle from the axis of rotation, r⃑ represents the moment arm vector and
⃑⃑ represents the force vector.
F

Using these mechanical principals, occupational tasks can be optimized to mitigate
stress on muscles and joints. For pulling tasks, handles are recommended to be at waist level
and for pushing tasks, shoulder level is the recommended height (Argubi-Wollesen, Wollesen,
Leitner & Mattes, 2017). Also, lifting tasks can be optimized to greatest mechanical efficiency
when loads are held close to the body or close to the fulcrum of joint articulations (Hamill et al.,
2014).
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There are circumstances in which the force a person can apply is mitigated by other
external factors, other than their independent muscular-mechanical capacity. Some of these
include, bracing or body support, friction and handle location.
Research by Uygur, de Freitas and Jaric (2010) looked at the coefficient of friction (COF)
between hand skin and object coating. They found that a high COF is important when exerting
high torques and forces or manipulating heavy objects upon hand-held tools. A high COF
reduces the amount of force required for grip allowing for lower levels of fatigue and improved
object manipulation. In addition, Domizio and Keir (2010) found that handles must be attached
perpendicular to the force direction instead of parallel to it and must consist of a high friction
surface material to allow optimal force application.
Work by Jones, Reed and Chaffin (2013) investigated the effects of bracing on force
exertion capabilities. Their findings were able to demonstrate that bracing surfaces available at
the thighs and contralateral hand enabled participants in their study to increase task hand force
exertion capability by up to 43%. A further study by Jones, Reed and Chaffin (2015) found that
bracing hand forces are primarily used to generate oppositional forces to the task hand force,
rather than to simply support the body.
2.1.2 Posture
Pheasant and Haslegrave (2006) define posture as the unique orientation of body parts in
space. The posture that a person adopts while performing a task is determined by the
relationship between their body dimensions and the dimensions of the workspace (Pheasant &
Haslegrave, 2006). Workers are often required to perform their tasks in awkward postures.
Performing a task in awkward postures can be very harmful for the human body. Awkward
9

postures can overload muscles, tendons and tissues which can increase the probability of injury
occurrence (Potvin, 2014).
2.1.2.1 Static Postures

Studies show that tasks of higher difficulty and those that require greater precision, lead to
poorer, more static postures (Pheasant & Haslegrave, 2006). To maintain a static posture,
muscles must contract to create reactive moments at joints to maintain static equilibrium
(Nordin & Frankel, 2012; Ünal et al., 2016). This causes an increase in internal muscle forces
and biomechanical loading of bones and joints (Nordin & Frankel, 2012). Prolonged sitting and
standing postures has been found to cause lower back pain in sedentary jobs (Park, Hetzler,
Hammons & Ward., 2018). In addition, a study by Singh, Park, Levy and Jung (2009) found that
the negative effects of static whole body postures are exacerbated for overweight or obese
individuals.
Park, Hetzler, Hammons and Ward (2018) recommend inserting occasional periods of
mobility for workers in sedentary positions. For those unable to be mobile, modular work
environments are encouraged to allow workers to perform their jobs in a variety of body
positions (Park et al., 2018). Coenen et al. (2017) suggest an approximate 40 min exposure limit
to prolonged standing, however symptoms are more likely to return in those that have
developed standing-related disorders.
2.1.2.2 Asymmetric Postures

The geometric and symmetrical components of a workspace have also been found to have an
effect on posture (Kyunga and Nussbaum; 2009). Asymmetric postures have been studied in
the literature, predominantly with their effects on the spine. A biomechanical investigation by
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Arjmand, Gagnon, Plamondon, Shirazi-Adl and Lariviere (2010) indicated increased spinal loads
during asymmetric lifting tasks. A study by Kim and Zhang (2016) showed that asymmetric
postures during lifting tasks produced significantly higher peak lateral shear force in the spine
when compared to a symmetric lifting posture. Furthermore, Mehta, Lavender and Jagacinski
(2014) have shown evidence that prolonged repetitive asymmetric lifting can lead to decreases
in tissue oxygenation which is associated with the development of muscle fatigue in the erector
spinae muscles. Maladaptive kinematic responses to erector spinae muscle fatigue can
increase the risk of back injury (Kang, Jeon & Lee, 2015; Hardison and Roll, 2016).
2.1.2.3 Visual Factors

Although there are several sensory influences on posture and postural control. The visual
demands of a task and the location of the task space play a key role in determining posture.
Poor head, neck and shoulder postures are prevalent in most visually demanding tasks
(Robertson, Huang and Larson., 2015). A review by Woo, White and Lai (2015) found that
extreme forward inclination of the head and trunk commonly result from visually demanding
tasks. A report by Ohisson et al., (1995) indicated that the time spent in forward neck flexion
(with the critical angle of 15º) was significantly associated with neck and neck/shoulder
disorders. Some neck and shoulder disorders that have been associated with occupational
tasks include tension neck syndrome, shoulder tendonitis and adhesive capsulitis (frozen
shoulder) (Parihar et al., 2016; Hardison and Roll, 2016).
Pheasant and Haslegrave (2006) suggest that the optimal line of sight to reduce
shoulder and neck fatigue is between the horizontal line of sight and 30⁰ downwards from the
horizontal line of sight Figure 1. Their work extends to add an additional 15⁰ allowing for
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modest neck flexion, however Chaffin (1973) found that prolonged neck flexion greater than
30⁰ of inclination leads to severe muscle fatigue.

Figure 1 - Recommended zones for visual display to reduce neck head and neck strain (Pheasant and
Haslegrave, 2006)

2.1.3 Repetition
Industrial workers are often called to perform the same task recursively for days or weeks in
succession (Finneran & Osullivan, 2010; Yeow, Ng, Tan, Chin & Lim, 2014). The compiled
iteration of the same motions without proper care often lead to repetitive stress injury
pathologies (Finneran & Osullivan, 2010; Yeow, Ng, Tan, Chin & Lim, 2014). Repetitive strain
pathologies occur primarily in the upper extremity, however they are most prevalent in the
forearm, wrist and hand (Hardison and Roll, 2016; Amini, 2011). Some of these pathologies
include hand-wrist tendinitis, carpal tunnel syndrome, epicondylitis or bursitis (Hardison and
Roll, 2016; Amini, 2011). Although automation helps to reduce highly recursive tasks, You and
12

Kwon (2005) have reported that the incidence of musculoskeletal disorders due to handintensive tasks is still significantly high.
Highly repetitive tasks have been known to cause over-use injuries (Spallek, Kuhn, Uibel,
Mark & Quarcoo, 2010). These injuries occur when the rate of tissue damage to an anatomical
area is greater than the rate of tissue repair (Hamill, Palmer & Emmerik, 2012; Nordin &
Frankel, 2012). The effects of cumulative trauma are twofold, as the prolonged overuse leads
to progressive diminution in mechanical strength, thus rendering the anatomical structure
more susceptible to overexertion (Hamill, Palmer & Emmerik, 2012; Chaffin, 2009).
All musculoskeletal tissue is not designed to withstand the same amount of rigor
(Pheasant and Haselgrave, 2006). Thus, there are different fatigue and loading exposure limits
for all tissues (Waters, 2010). A study by Gallagher (2011) investigated the effects of force and
repetition on musculoskeletal disorder risk. His work found that musculoskeletal tissues were
able to maintain homeostasis when experiencing low forces during bouts on low repetition.
When tissues underwent high force exertions with low amounts of repetition, the workload
was often tolerated with an added training effect improving the tissue strength. However,
highly repetitive and highly forceful exertions were at a much greater risk of injury
development. Other studies have shown that low force can be tolerated during tissue repair;
however highly repetitive low force exposure leaves tissue health more tenuous and increases
tissue repair time (Barbe et al., 2013; van Rijn, Huisstede, Koes & Burdorf, 2009). Gallagher and
Heberger (2012) found that the endurance limit that will not lead to tissue failure is 30% of the
material’s ultimate stress. Their work found that there is only minor fatigue damage when
loading under 30% of ultimate stress (Figure 2).
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Figure 2 - Force × Repetition quadrants superimposed on a fatigue failure curve. LFLR = low force, low
repetition; LFHR = low force, high repetition; HFLR = high force, low repetition; HFHR = high force, high
repetition (Gallagher & Heberger, 2012).

2.2 Proactive Ergonomics
A proactive ergonomic process identifies ergonomic risk factors, with the intent of eliminating
or reducing them through engineering and administrative controls before any problems occur.
Reactive interventions that act to rectify issues after they occur, come at a cost in terms of
time, injuries and financially (White, 2015; Falck & Rosenqvist, 2012). Proactive ergonomic
models were built to identify potential ergonomic risks before they occurred. Early ergonomic
analysis tools and assessment techniques were created to quantify acceptable postures and
task configurations (Ostrom, Stack & Wilhelmsen, 2016). Major improvements in computing
and digital design have given rise to computer aided design tools and three-dimensional
simulation techniques to allow ergonomic teams to assess future and current design effects on
worker health, safety and productivity (White, 2015; Fritzsche, 2010; Puthenveetil, et al., 2015,
Stefania, Danila, Fabrizio & Ghibaudo, 2016).
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2.2.1 Digital Human Modelling
Digital human modeling (DHM) is a term used to encompass all computer-aided human
simulation tools (Schaub et al., 2012; Case, Marshall & Summerskill, 2016). DHM has a variety
of applications, ranging from biomedical, to industrial digital manufacturing (Yu et al., 2015,
Case et al., 2016). This review will focus on DHM applications in industrial digital
manufacturing. The virtual environment within a DHM is often facilitated through computeraided design (CAD) systems and a virtual human is often integrated into the CAD in the form of
an avatar or virtual manikin (Okimoto, 2011; Summerskill & Marshall, 2011; Schaub et al.,
2012). Figure 3 illustrates a general schematic created by Schaub et al. (2012) of functions
available in DHM for ergonomic analysis.

Figure 3 - A schematic of functions available for ergonomic analysis in DHM (Schaub et al., 2012)
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Digital human models use four fundamental biomechanical computational procedures
for motion modeling they are: forward kinematics, inverse kinematics, forward dynamics and
inverse dynamics (Chaffin, 2008; Abdel-Malek et al., 2009). Kinematics is the study of motion
without the consideration of moments and forces that produce the motion; whereas dynamics
is the study of motion including the moments and forces that produce the motion (Chaffin,
Andersson & Martin, 2006).
Inverse kinematics is a biomechanical computational procedure that determines joint
angles of segments from point coordinates (Winter, 2009). In general, inverse kinematics offer
a model for stress prediction in muscles, joints and other tissues. Inverse dynamics uses the
kinematic properties (displacement, velocity or acceleration) of a motion along with external
forces and moments to provide forces and moments of specified joints (Winter, 2009). Inverse
kinematic and dynamic methods are used in DHM for static posture modeling (Illmann,
Fritzsche, Leidholdt, Bauer & Dietrich, 2013; van den Bogert, Geijtenbeek, Even-Zohar,
Steenbrink & Hardin, 2013). DHMs use a method known as static optimization to estimate
various muscle forces and joint loads (van den Bogert, 2013). Traditionally, DHM has been used
by industry professionals is static situations to ergonomically evaluate a single posture within a
movement task. A major limitation exists in static modeling as key characteristics in human
motion are often neglected. However, the static approach, while simplistic from the user’s
perspective, is limited in its ability to fully assess the injury risk associated with complex
dynamic aspects of movement (Liu, Micaelli, Evard, Escande & Andriot, 2011).
Forward kinematics computes endpoint coordinates from segmental joint angles.
Forward dynamics derives joint angles of motion from intrinsic muscle activation and neural
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excitation properties (Winter, 2009). Various studies have proposed that the human body uses
forward kinematic and dynamic procedures in movement production (Winter, 1990). Both
forward kinematic and dynamic procedures applied in modeling are known as the forward
solution. The forward solution would be an ideal model for biomechanical and ergonomic
assessments as it best approximates how the human body executes motion (Chaffin, 2008). The
human body actuates movement with a neural drive to the muscles, followed by muscle
recruitment of various muscle groups (Hamill et al., 2015; Ünal et al., 2016). The muscle groups
produce the appropriate force to act on joints to generate a moment (Winter, 2009). The
acceleration of a segment due to the moment produces displacement and a change in the joint
angles (Ünal et al., 2016; Winter 2009).
The forward model does have considerable constraints in modeling because, external
and internal forces and moments must be known (Chaffin, 2008). Also, the degrees of freedom
(DOF) must be incorporated in the calculation procedure. Studies have shown that the
computational complexity for this calculation is immense as too many variables must be
accounted for (Anderson & Pandy, 2001; Chaffin, 2008). Anderson and Pandy (2001) created a
model that included 23 DOF and 54 muscles for cyclic human walking. Their simulation took
approximately 10,000 computing hours for a single gait cycle. Another limitation of the forward
solution lies in the intrinsic assumptions of muscle recruitment patterns needed to create a
posture or motion of interest (Chaffin, 2008). This may bring forth erroneous assumptions as
individuals have been shown to exhibit different muscle recruitment patterns to produce
similar motion. Unfortunately, due to the computational constraints and required assumptions,
the forward solution alone is pragmatic only when the motion is cyclic and the number of links
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involved are limited (Anderson & Pandy, 2001). Although computing power has greatly
improved since the Anderson & Pandy (2001) simulation was modeled, the forward solution is
still computationally tedious and various optimization methods must be applied (Zhang et al.,
2010; Xiang et al., 2009).
Optimization-based motion modeling for DHM has recently been used to synthesize
control strategies, analyze muscle forces and predict optimal motion. These optimizationbased methods often maximize the objective function while satisfying the necessary
constraints. Predictive dynamics is an optimization-based method of predicting human motion
while considering the internal mechanics of the human body and the necessary physics of the
task (Bataineh et al., 2013, 2017; Zhang et al., 2010).
Despite the advances in computational speed and predictive methods, human motion
modelers still face challenges in simulating the physical realism of the musculoskeletal system.
DHMs need human motion measurements as a reference for model development and model
prediction verification. There are several human motion data acquisition techniques. Currently,
the most widely used in the industry are optical and inertial motion tracking techniques.
Optical motion tracking techniques use cameras to track and map the body. Optical
tracking systems are often distinguished by their use of marker-based or marker-less tracking.
Marker-less tracking systems track whatever objects are present in the field of view of the
camera. The parameters for tracking are often matched to a predefined human body model in
order to obtain more useful tracking data. Marker-based tracking technology locates the
position of markers placed on specific points of interest on the body (Solberg and Jensenius,
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2016). From these markers, the skeletal framework of the body or segment of interest is
created.
Inertial motion tracking technologies consist of a set of sensors placed on specified
areas of the body to provide body segment orientation and trajectory in space. Each sensor
often consists of an accelerometer, a gyroscope and a magnetometer (Roetenberg, Luinge &
Slycke, 2009). Accelerometers measure directional acceleration in space. The gyroscope
measures changes in rotational orientation. The magnetometer detects and measures the
direction and strength of the localized magnetic field, therefore providing direction and
orientation information as well.
Future work seeks to efficiently simulate ‘the human variability component’ inherent to
human movement (Perez & Neumann, 2015). In order to facilitate this, researchers have
explored the use of artificial neural networks to aid in the rigorous calculations required to
predict human motion.
Artificial neural networks (ANNs) are mathematical models that consist of several layers
which take in input data and transform it through a set of hidden layers of computational
functions into the necessary output data. ANNs are an excellent tool for recognizing patterns in
the data which is extremely complex or numerous. They are widely used in digital human
modeling problems due to their ability to solve high-level problems and achieve successful
results (Bataineh, Marler, Abdel-Malek & Arora, 2016; Bu, Okamoto & Tsuji, 2009; Zhang,
Horvath, Molenbroek & Snijders, 2010).
Work by Zhang, Horváth, Molenbroek & Snijders (2010) used multi-layered neural
networks to transform human body postures based on 3D landmarks. Their input layers were

19

made up of a set of demographic data and 3D posture landmark coordinates and the output
layers were made up of another set of 3D landmarks characterizing the transformed posture.
Their work offers a method of predicting any human body posture given enough 3D
anthropometric data. In addition, Bataineh, Marler, and Abdel-Malek (2013) used an ANN for
upper body posture prediction while simulating touching a point in space. Although their work
showed small errors in target accuracy, their model shows promise in realistic DHM. To rectify
the problems in ANN accuracy, they propose collecting more training cases to improve
computational tractability or add constraints to the network inputs to force output postures to
be in an exact position. Their work could be generalized for task-based simulation and their
network could be trained through motion capture sources.
2.2.2 Siemens Jack™
Siemens Jack™ is a DHM package used widely in industry that assess human interaction with
products and their production processes. There have been various applications of Siemens
Jack™ in industrial assembly, particularly in the manual automotive assembly sector. A study by
Niu, Zhang, Zhang and Ran (2010) used Siemens Jack™ to simulate an automotive assembly line
during front bumper fog lamp installation. Their work not only improved the ergonomic
conditions, but also shortened the working time from 58.63 seconds to 42.87 seconds.

The modeling features of Jack™ avatars have been constructed to best replicate human
morphology. The Jack and Jill avatars are made up of a 17-segment spine including joints that
are approximated to articulate in accordance to human physiology. Another modeling feature
in Jack™’s avatars is in the realistic figure definitions. The latest Jack™ avatars offer textured
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deformable skin, for added realism, the functionality allows for the skin to change according to
skeletal posture (Figure 4).

Figure 4 -An image showcasing Jack™'s latest avatars with realistic textured features (Raschke & Cort,
2019).

Jack™ also offers a robust set of avatar scaling options with a multitude of
anthropometric databases ranging various demographics (Table 1). In addition, Jack™ offers a
function for regions with scarce anthropometric data that creates a new model based on the
region’s summary statistics. The function operates by applying already established distribution
and percentile measures from other databases to transform the region’s summary statistics
into a new anthropometric dataset for the target population (Raschke & Cort, 2019).
Table 1 - A sample set of available anthropometric databases in Jack™ (Raschke & Cort, 2019)
Name
Region/Population
Survey year
ANSUR

US army personnel

1988

ANSUR II

US army personnel

2012

NHANES II

US civilian and army personnel

1988-1994
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NHANES 2014

US civilian and army personnel

2011-14

Mexican

Jalisco, Mexico

1993-99

CDN land forces

Canadian army personnel

1997

NA automotive

US automotive workers

2007

GB 10000-88

China/adults

1989

Asian Indian

India/adults

1997

German DIN

Germany/adults

2008

Japanese

Japan/adults

2008/2010

Korean

Korea/adults

2008/2010

CPSC children

US children (2-18 years)

1975

Jack™’s posture prediction framework is based on realistic models of human behavior.
The basis of the motion algorithm is similar to the work done by Reed, Faraway, Chaffin and
Martin (2006). Motion simulation is segmented into various anatomical modules. The head,
hand, torso, upper and lower extremities are all controlled through their own independent
modules. Whole body motion is determined through a module hierarchy depending on the
movement, motions are coordinated both algorithmically and from empirical motion data.
A significant critique of Jack™’s posture prediction is in the lack of robustness of the
motion simulations (Kevyani et al., 2013; Wegner & Reed, 2011; Reed et al., 2006). Studies
have found that Jack™’s motion simulation models perform better for some tasks compared to
others (Kevyani et al., 2013). Cort and Devries (2019) found that there was a significant lack of
accuracy between the Jack™ software predicted postures and what was observed in their
laboratory simulation. An example was in a simulated force exertion task. They found that
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participants used their body weight for exertion while the avatar adopted an outstretched arm
posture. The differing strategies lead to dissimilar joint demands and there for varying
ergonomic outputs. For tasks simulated in a complex environment in which the avatar has
difficulty adapting to, the Jack™ user often must intervene to manually manipulate the avatar.
Manual manipulation by the user is quite time consuming and may lead to erroneous posturing
of the avatar (Kajaks, Stephens, & Potvin, 2011; Lamkull, Hanson, & Ortengren, 2008).
A solution that has been suggested in the literature to improving Jack™’s posture prediction
tool is adding to the motion database and compiling an extensive, properly structured motion
index (Kevyani et al., 2013; Cort & Devries, 2019). Although it is unrealistic to account for all
possible movement sequences, adding a diverse range of movements to the already extensive
motion database will improve simulation realism and the accuracy of the ergonomic
assessments. Therefore, reducing the need for statistical modeling algorithms that predict
kinematic structure or user manual manipulation that requires extensive time and effort
(Kevyani et al., 2013; Kajaks et al., 2011).
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CHAPTER 3: METHODS
3.1 Study Design
The following study design and methodology is taken from Sfalcin et al., (2019), all data was
collected and used with the permission of the primary author.
The study protocol from Sfalcin et al., (2019) looked to evaluate differences between
three different motion capture systems. The three systems included two inertial-based tracking
suits and one camera-based motion analysis system. Participants were required to perform
two sets of 12 simulated occupational tasks from the automotive manufacturing and healthcare
sectors. For both sets, participants wore a OMC passive marker arrangement while wearing a
different inertial motion capture suit for each set. Sfalcin et al., (2019) evaluated movement
tracking between motion capture systems by comparing each individual’s efforts to themselves.
The present study divided the individuals into groups based on height and compared those
groups to each other by comparing the group’s efforts as a collective whole.
Relevant to the current study, only the automotive manufacturing tasks were used from
Sfalcin et al., (2019). As well, all participant kinematic data for this study was from the collected
Motion Analysis (OMC) data.

3.2 Participants
The study consisted of 10 male and 10 female subjects within the age ranges of 20 to 52
years. Data from the 20 participants was separated into four groups of five based on
anthropometric height. All participant group data for height, weight, body mass index (BMI)
and age can be viewed in Table 2. While 20 participants were recruited, data from one
participant in Group 2 was dismissed due to malfunctioning hardware during data collection.
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Table 2 - Mean, standard deviation, max and min values for each group's height, weight, BMI and age.
Group
Height (cm)
Weight (kg)
BMI (kg/m²)
Age
Group 1
(5F)

Group 2
(1M, 3F)

Group 3
(3M, 2F)

Group 4
(5M)

Mean (SD)

158.6 ± 2.9

57.4 ± 4.4

22.8 ± 2.0

24.6 ± 4.8

Max

164.0

63.7

26.2

34

Min

156.0

50.2

20.4

21

Mean (SD)

169.0 ± 1.2

63.8 ± 8.4

22.3 ± 2.9

20.75 ± 1.3

Max

171.0

73.1

25.9

23

Min

168.0

54.0

18.9

20

Mean (SD)

176.6 ± 1.7

71.4 ± 8.5

22.9 ± 2.8

22.6 ± 1.9

Max

180.0

85.6

27.6

25

Min

175.0

60.2

19.7

20

Mean (SD)

189.0 ± 4.6

85.5 ± 3.7

24.0 ± 1.2

29.6 ± 11.2

Max

194.0

90.5

25.5

52

Min

183.0

80.3

22.0
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All participants recruited were free from low-back and upper limb injury. Additionally,
participants were required to fill out a letter of consent and were informed that they were free
to withdraw without any consequence at any time either before or during the testing session.
All data from participants was randomized and coded to secure confidentiality.

3.3 Workstation Descriptions
The following are figures and descriptions of the seven dynamic automobile assembly
task elements. Tasks were simulated in a laboratory setting using similar automobile assembly
parts and several apparatuses built with similar design as in industry. These tasks required
various combinations of efforts and exertions often required in the car manufacturing industry
including pushing, pulling, lifting, lowering and carrying. Participants were allowed to try these
tasks as many times as need to become acquainted with the protocols and equipment. Once
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participants understood all aspects of the study and were ready to participate, 10 trials of each
task element were used for analysis.

Element 1 – Car Door Panel Install
The participant was required to perform a two-handed lift of a car door panel from the
ground and carry it to a car door frame that was located immediately behind. Once at the door
frame, the participant was required to place it against the door (Figure 5).

A

B

C

Figure 5 - The participants performed a two-handed lift of the car door panel (A). The lift was followed
by a two-handed carry of the panel (B). The task ended with the placement of the panel onto a car door
frame (C).

Element 2 – Side View Mirror Install
The participant was required to install a side mirror onto a door frame by inserting
wiring through a narrow hole in the door frame and manually screwing in the side mirror part
onto the door with their fingers (Figure 6).
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A

B

C

Figure 6 - The task began with the placement of the mirror onto the door frame (A). Next, participants
had to reach over to their left to grab a nut for fastening (B). Finally, participants manually fastened the
mirror onto the car door (C).

Element 3 – Overhead Fastening with Pistol Grip Power Tool
The participant was required to simulate an overhead fastening using a pistol grip power
tool, on three marked positions along a car door frame (Figure 7).

Figure 7 - Participants simulated overhead fastening at 3 pre-marked spots on the car door frame (left to
right).
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Element 4 – Button Press and Wire Routing
This task required the participant to perform three pushes of a mechanical button that
was located off to the left side of the car door frame. Then, the participant was required to
maneuver some interior wiring through a small portal inside the car door frame (Figure 8).

A

B

Figure 8 - Participants executed 3 pushes of a mechanical button (A). Then participants were required to
maneuver wiring through the car door frame (B).

Element 5 – Engine Hose Installs
The participant was required to install one small and one large hose part onto a small
and large metal protrusion respectively. Due to the tight-fitting nature of the hose and the
protrusion, securing the hose may have required additional force and twisting (Figure 9).
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A

B

Figure 9 - Participants performed a small hose installation (A) followed by a large hose installation (B).

Element 6 – Right-angle Power Tool (RAPT) Joint Fastening
The participant was required to fasten a horizontally oriented metal-based hard joint
using a RAPT (Figure 10).

Figure 10 - Participants fastened a 30Nm joint with a RAPT.

Element 7 – Cart Push
This task required the participant to simulate a cart push by pushing a medical chair for
2.5 m (Figure 11).
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Figure 11 - Participants simulated pushing a cart for 2.5m.

3.4 Data Acquisition and Analysis
Once all data collection was complete, all motion data were saved for further
processing. The data from the OMC system were analyzed for missing or out-of-place marker
data. Marker positions that were out-of-place were all corrected in the preprocessing stage.
Missing marker data was estimated through a spline filtering algorithm technique within the
Cortex software (version 5.5.0.1579). This manner of filtering uses regression-based solving to
estimate the trajectory, and thus position, of the missing markers based on the locations of
markers previous and post. This ensured an accurate and smooth representation of the motion
captured.
To have a standard biomechanical model for all participants, individualized digital
manikins were created in the Jack™ software based on each participant's anthropometric
measurements. The processed OMC kinematic data was then exported to Jack™ and each
participant's motion data was constrained to their respective manikins ensuring that each joint
on the manikin matched the local coordinate system of the movement. This method provided a
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digital representation of each participant's movements. The relevant time points for all
pertinent task element trials were visually inspected and recorded for all participants within the
Jack™ software. The relevant joint angle data was exported from Jack™ using the Task Analysis
Toolkit feature.
The joint angle data was split at the relevant time points based on when each of tasks
occurred within the specific data collection. From this, each respective task element was time
normalized through linear interpolation. It should be noted that only the right-side joint angles
were used in analysis. All splitting and interpolation of the data was done through custom
designed software developed through the LabVIEW software package (National Instruments,
Austin, Texas). Once processed, all participant data was aggregated into their respective
predetermined height groups.

3.5 Statistical Analysis
Statistical parametric mapping (SPM, Friston et al., 2007) was used to statistically
compare differences between groups. SPM is a statistical method for conducting hypothesis
testing for smooth continuous data (Pataky, 2010). Open-source Python code for statistical
parametric mapping (SPM) was used to perform statistical analyses of time-series joint angle
data (Pataky, 2012).
The analysis procedure for calculating a one-way ANOVA comprised of computing the F
statistic SPM{F} at each time point throughout the entire standardized time series. The SPM{F}
curve calculated indicates the ratio of between-group variability and within-group variability at
each time point. Next, the critical threshold for our predetermined alpha (0.05) was calculated.
The threshold was based on the temporal smoothness of the data and represents the region
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which 5% (α=0.05) of the data would be expected to reach if the test statistic trajectory had
resulted from an equal, smooth, and random process. For each cluster that exceeded the
threshold, the probability of whether it could have resulted from a smooth random process was
calculated based on the height and size of the cluster.
A one-way ANOVA was computed for each joint-element combination. Thus, for the
seven task elements and seven joint angles, 49 independent one-way ANOVAs were computed
for each joint-element combination. If statistical significance was reached in the SPM one-way
ANOVAs, then the group data were further analyzed with six pairwise post hoc SPM t-tests. The
SPM T-tests followed the same procedures described for the one-way ANOVAs to establish
significance between paired groups. An alpha of 0.05 was maintained throughout both ANOVA
and T-test procedures. Figures 12-16 illustrate and describe the F-statistic group comparison
plots and t-statistic pairwise plots. All plots for all statistical tests can be viewed in the
Appendix.
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Figure 12 – Shoulder abduction/adduction joint kinematics dataset for task 1. All trials for the representative
subjects grouped by colour (left). The overall mean (darker line) abduction/adduction curves and their standard
deviation (shaded cloud) for each of the four groups (right) are shown. Both plots graphed with respect to
normalized time to complete the task.
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Grey – Region of curve
with significant differences
Black Line – Magnitude of
between group differences
(F-statistic)

Dotted Line – Critical
threshold for significance (F*)
based on alpha (α = 0.05)

Figure 13 – One-way ANOVA analysis of the shoulder abduction/adduction joint kinematics dataset for task 1. The
annotated image depicts where groups exhibited statistically significant differences in joint angle trajectory.
ANOVA results include: the SPM{F} (black line), the region of significant difference (grey) and the critical threshold
of 7.240 (at α = 0.05). The data was graphed with respect to the normalized time to complete the task.
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Group to group comparisons
with numeric results for the tstatistic.

Black box represents no
statistical significance
between groups.

Figure 14 – Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task 1. The
annotated image represents a matrix that depicts which groups exhibited statistically significant differences in joint
angle trajectory. Each group comparison’s results include: the alpha level (α), the RFT-computed critical threshold
(t) and the probability (p) value.
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Group to group joint
angle comparisons
with mean (darker line)
and standard deviation
clouds (shaded cloud).

Black box represents no
statistical significance
between groups.

Figure 15 - Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task 1. The
annotated image represents a matrix that depicts which groups exhibited statistically significant differences in joint
angle trajectory. The area highlighted in red represents the pairwise comparisons between groups with their
means (darker line) and standard deviation clouds (shaded cloud). All data was graphed with respect to the
normalized time to complete the task.
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Group to group
comparisons with
t-statistic plots.

Black box represents no
statistical significance
between groups.

Figure 16 – Post Hoc T-test results of the shoulder abduction/adduction joint kinematics dataset for task 1. The
annotated image represents a matrix that depicts which groups exhibited statistically significant differences in joint
angle trajectory. The area highlighted in red represents each group’s t-test comparison results which include: the
SPM{t} (black line), the critical threshold (dotted line) and the region of significant difference (grey). All data was
graphed with respect to the normalized time to complete the task.
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CHAPTER 4: RESULTS
ANOVA results (p<0.05) indicated 40 significant differences out of all seven joints and seven
task elements (49 independent tests). Figure 17 displays a matrix of all the joints and task
elements which exhibited a statistically significant difference between groups.

Figure 17 - One-way ANOVA analysis results for all task elements and joints. The image represents a matrix that
depicts the joint and element where groups exhibited statistically significant differences. The black boxes
represent the joints and elements which groups did not exhibit any statistically significant differences in joint angle
trajectory. Each statistically significant ANOVA result includes: the alpha level (α), the critical threshold (F) and the
probability (p) value.
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4.1 Element 1
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Shoulder
Abd/Add, Shoulder For/Back, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext. When statistical
significance was reached, post hoc pairwise t-tests were conducted to determine between
which groups significant differences occurred. The post-hoc analysis results are described
below. All relevant plots can be found at appendix A.

Shoulder Abd/Add: Group 1 performed the task with significantly greater abduction angles
than all other groups. Specifically, from 50-100% of the task when compared to group 2
(p<0.001), at 20-30% and 60-95% of the task when compared to group 3 (p<0.001) and from 10100% of the task when compared to group 4 (p<0.001). Group 2 performed with significantly
greater abduction angles than group 4 from 30-100% of the task (p<0.001). Group 3 performed
with significantly greater abduction angles than group 4 from 50-100% of the task (p<0.001).

Shoulder For/Back: Group 1 performed with significantly greater shoulder flexion than group 3
from 25-30% of the task (p=0.04). Group 1 performed with significantly greater shoulder
flexion than group 4 from 25-30% of the task (p<0.001), then significantly greater shoulder
extension from 45-50% of the task (p<0.001). Group 2 performed with significantly greater
shoulder flexion than group 3 from 25-35% of the task (p=0.07) and group 4 from 25-35% of the
task (p<0.001).
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Trunk Lat: Group 1 performed the task with a significant difference in lateral bending than
groups 2 and 4. Specifically from 0-20% of the task when compared to group 2 (p<0.001) and
from 0-15% of the task when compared to group 4 (p<0.001). Group 2 performed the task with
a significant difference in lateral bending than groups 3 and 4. Specifically from 45-70% of the
task when compared to group 3 (p<0.001) and from 45-55% of the task when compared to
group 4 (p=0.003). Group 3 performed with a significant difference in lateral bending when
compared to group 4 for 25-30% of the task (p=0.007).

Hip Flex/Ext: Group 1 performed the task with significantly greater hip extension than group 4
for 70-75% of the task (p=0.025). Group 2 performed with significantly greater hip flexion than
groups 3 and 4. Specifically from 10-25% of the task when compared to group 3 (p<0.001) and
from 5-25% and 45-50% of the task when compared to group 4 (p<0.001). Group 3 performed
with significantly greater hip flexion than group 4 from 45-50% of the task (p=0.006).

Knee Flex/Ext: Group 1 performed the task with significantly flexion and extension angles than
all other groups. Specifically, flexion at 15-20%, 25-30% and 75-95% of the task when compared
to group 2 (p<0.001), extension at 0-5% and 35-40% of the task when compared to group 3
(p<0.001). When compared to group 4, extension from 0-5% and flexion from 45-55% and 6595% of the task (p<0.001). Group 2 performed with greater extension from 35-40% and 60100% of the task when compared to group 3 (p<0.001). Group 3 performed with greater
extension at 35-45% and 60-100% of the task when compared to group 4 (p<0.001).
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4.2 Element 2
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Elbow,
Shoulder Abd/Add, Shoulder For/Back, Truck Flex/Ext, Trunk Lat, and Knee Flex/Ext.
When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.

Elbow: Group 1 performed the task with greater elbow extension than groups 3 and 4.
Specifically from 65-95% of the task when compared to group 3 (p<0.001) and at 10-15% and
65-95% of the task when compared to group 4 (p<0.001).

Shoulder Abd/Add: Group 1 performed the task with significantly greater abduction angles
than all other groups. Specifically, from 45-55% and 70-95% of the task when compared to
group 2 (p<0.001), at 10-100% of the task when compared to group 3 (p<0.001) and from 10100% of the task when compared to group 4 (p<0.001). Group 2 performed the task with
significantly greater abduction when compared to groups 3 and 4. In particular, at 65-70% and
95-100% of the task when compared to group 3 (p<0.001) and at 15-30% and 35-100% of the
task when compared to group 4 (p<0.001). Group 3 performed with significantly greater
abduction angles than group 4 (p=0.033) from 60-65% of the task.

Shoulder For/Back: Group 1 performed the task with significantly greater shoulder flexion
when compared to group 4 from 70-90% of the task (p<0.001). Group 2 performed with
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significantly greater shoulder flexion than groups 3 and 4. Specifically at 90-100% of the task
when compared to group 3 (p<0.001) and at 75-90% of the task when compared to group 4
(p<0.001).

Truck Flex/Ext: Group 1 performed the task with significantly greater trunk extension when
compared to groups 3 and 4. Specifically at 10-50% and 95-100% of the task when compared to
group 3 (p<0.001) and at 10-100% of the task when compared to group 4 (p<0.001). Group 2
performed the task with significantly greater trunk extension when compared to groups 3 and
4. Specifically at 20-45% of the task when compared to group 3 (p<0.001) and at 5-60% and 7090% of the task when compared to group 4 (p<0.001).

Trunk Lat: Group 1 performed the task with a significantly greater difference in lateral bending
when compared to group 4, specifically at 0-15% of the task (p<0.001). Group 3 performed
with a significantly greater difference in lateral bending when compared to group 4, specifically
at 0-10% and 90-95% of the task (p<0.001).

Knee Flex/Ext: Group 4 performed the task with significantly greater knee flexion than group 3.
Specifically, at 5-10%, 25-55% and 70-95% of the task (p<0.001).

4.3 Element 3
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Shoulder
Abd/Add, Shoulder For/Back, Truck Flex/Ext, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext.
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When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.

Shoulder Abd/Add: Group 1 performed the task with significantly greater shoulder abduction
angles than all other groups. Specifically, from 25-80% of the task when compared to group 2
(p<0.001), at 20-95% of the task when compared to group 3 (p<0.001) and from 10-95% of the
task when compared to group 4 (p<0.001). Group 2 performed with significantly greater
shoulder abduction at 5-10%, 15-25% and 30-95% of the task when compared to group 4
(p<0.001). Group 3 performed with significantly greater shoulder abduction at 35-75% of the
task when compared to group 4 (p<0.001).

Shoulder For/Back: Group 1 accomplished the task with significantly greater shoulder
extension angles than all other groups. Specifically, from 15-90% of the task when compared to
group 2 (p<0.001), at 25-85% of the task when compared to group 3 (p<0.001) and from 3560% of the task when compared to group 4 (p<0.001). Group 2 performed the task with
significantly greater shoulder flexion at 90-95% of the task when compared to group 3
(p=0.024).

Truck Flex/Ext: Group 1 accomplished the task with significantly greater trunk extension than
groups 3 and 4. Specifically, from 55-95% of the task when compared to group 3 (p<0.001) and
at 10-95% of the task when compared to group 4 (p<0.001). Group 2 performed with
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significantly greater extension than group 4 at 10-85% of the task (p<0.001). Group 3
performed with significantly greater extension than group 4 at 10-25% of the task (p=0.008).

Trunk Lat: Group 1 performed the task with a significantly greater difference in lateral bend
when compared to all other groups. At 20-65% of the task when compared to group 2
(p<0.001), at 20-65% and 85-95% of the task when compared to group 3 (p<0.001) and at 15100% of the task when compared to group 4 (p<0.001). Group 2 accomplished the task with a
significantly greater difference in lateral bend than group 4 at 55-90% of the task (p<0.001).
Group 3 accomplished the task with a significantly greater difference in lateral bend than group
4 at 70-75% of the task (p<0.001).

Hip Flex/Ext: Group 1 accomplished the task with significantly greater hip extension than group
3 at 95-100% of the task (p = 0.026). Group 2 accomplished the task with significantly greater
hip extension than group 3 at 95-100% of the task (p=0.042).

Knee Flex/Ext: Group 3 performed the task with significantly greater knee extension than group
4 at 5-15% and 95-100% of the task (p<0.001).

4.4 Element 4
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Elbow,
Shoulder Abd/Add, Shoulder For/Back, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext.
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When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.

Elbow: Group 1 performed the task with significantly greater elbow extension than group 3 at
35-45% of the task (p=0.004). Group 2 performed with significantly greater elbow extension at
30-60% of the task (p < 0.001). Group 3 performed with significantly greater flexion than group
4 at 40-55% of the task (p < 0.001).

Shoulder Abd/Add: Group 1 performed the task with significantly greater abduction than
groups 3 and 4. Specifically, at 65-75% of the task when compared to group 3 (p=0.021) and at
45-85% of the task when compared to group 4 (p < 0.001). Group 3 performed the task with
significantly greater abduction than group 4 at 20-60% of the task (p < 0.001).

Shoulder For/Back: Group 1 performed the task with significantly greater shoulder flexion than
groups 2 and 3. However, group 1 performed with significantly greater shoulder extension than
group 4. Specifically, at 75-95% of the task when compared to group 2 (p < 0.001), at 65-80% of
the task when compared to group 3 (p < 0.001) and at 0-35% of the task when compared to
group 4. Group 2 performed with significantly greater flexion and extension when compared to
groups 3 and 4. In particular, flexion at 50-55% and extension at 90-100% when compared to
group 3 and extension from 80-100% when compared to group 4. Group 3 performed the task
with significantly greater extension than group 4 at 50-80% of the task (p < 0.001).
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Trunk Lat: Group 1 performed the task with a significantly greater difference in lateral bend
when compared to all other groups. Specifically, at 0-40% and 75-100% of the task when
compared to group 2 (p<0.001), at 5-20% and 35-80% of the task when compared to group 3
(p<0.001) and at 0-20% and 55-95% of the task when compared to group 4 (p<0.001). Group 2
performed with a significantly greater difference in lateral bend than groups 3 and 4. In
particular at 0-35% and 90-100% of the task when compared to group 3 (p<0.001) and at 2040% and 60-80% when compared to group 4 (p<0.001). Group 3 also completed the task with a
significantly greater difference in lateral bend when compared to group 4 at 40-45% and 7085% of the task (p<0.001).

Hip Flex/Ext: Group 1 performed the task with significantly greater hip extension than groups 2
and 4. Specifically at 55-95% of the task when compared to group 2 (p<0.001) and at 80-90% of
the task when compared to group 4 (p=0.010). However, group 1 performed the task with
significantly greater hip flexion than group 3 from 0-40% of the task (p<0.001). Group 2
performed the task with significantly greater hip flexion than group 3 from 15-65% of the task
(p<0.001). Nevertheless, group 2 performed with significantly greater hip extension than group
4 at 0-10% of the task (p=0.006). Group 3 performed the task with significantly greater hip
extension than group 4 from 0-50% of the task (p<0.001).

Knee Flex/Ext: Group 1 performed the task with significantly greater knee extension than
groups 2 and 4. Specifically at 55-90% of the task when compared to group 2 (p<0.001) and at
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70-80% of the task when compared to group 4 (p<0.001). Nevertheless, group 1 performed
with greater knee flexion than group 3 from 5-15% of the task (p<0.001). Group 2 completed
the task with greater knee flexion than group 3 from 0-5% and 60-90% of the task (p<0.001),
but greater knee extension than group 4 from 0-50% of the task (p<0.001). Group 3 performed
the task with significantly greater knee extension than group 4 from 0-25% of the task
(p<0.001).

4.5 Element 5
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Elbow,
Shoulder Abd/Add, Truck Flex/Ext, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext.
When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.

Elbow: Group 1 performed the task with significantly greater elbow flexion than all other
groups. Specifically, at 70-75% of the task when compared to group 2 (p<0.001), at 10-30% and
55-100% of the task when compared to group 3 (p<0.001) and at 5-40% and 60-100% of the
task when compared to group 4. Group 2 completed the task with significantly greater elbow
flexion than groups 3 and 4. At 85-95% of the task when compared to group 3 (p<0.001) and at
10-45% of the task when compared to group 4 (p<0.001).
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Shoulder Abd/Add: Group 1 accomplished the task with significantly greater shoulder
abduction than groups 3 and 4. Specifically from 45-50% of the task when compared to group 3
(p=0.020) and at 55-60% and 75-90% of the task when compared to group 4 (p<0.001). Group 2
completed the task with significantly greater shoulder adduction than group 3 at 55-60% of the
task (p=0.029). Group 3 completed the task with significantly greater shoulder abduction than
group 4 at 0-10%, 55-65% and 75-85% of the task (p<0.001).

Truck Flex/Ext: Group 1 performed the task with significantly greater trunk flexion than group 2
at 10-25% of the task (p<0.001). However, group 1 accomplished the task with significantly
greater trunk extension than group 4 at 5-45% of the task (p<0.001). Group 2 accomplished the
task with significantly greater trunk extension than group 4 at 0-40% and 55-80% of the task
(p<0.001). Group 3 accomplished the task with significantly greater trunk extension than group
4 at 5-40% of the task (p<0.001).

Trunk Lat: Group 1 completed the task with a significant difference in lateral trunk bending
when compared to all other groups. Specifically, at 0-10% of the task when compared to group
2 (p<0.001), at 0-5% of the task when compared to group 3 (p<0.001) and at 0-5% and 40-65%
of the task when compared to group 4. Group 2 performed with a significant difference in
lateral bend when compared to groups 3 and 4. Specifically at 10-30% and 85-100% of the task
when compared to group 3 (p<0.001) and at 45-65% of the task when compared to group 4
(p<0.001). Group 3 performed the task with a significantly greater difference in lateral bend at
10-30% and 40-80% of the task when compared to group 4 (p<0.001).
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Hip Flex/Ext: Group 1 accomplished the task with significantly greater hip extension than group
4 at 5-40% and 65-75% of the task (p<0.001). Group 2 performed the task with greater hip
flexion than group 3 at 85-90% of the task (p<0.001), but greater hip extension than group 4 at
10-40% of the task (p<0.001). Group 3 performed the task with greater hip extension than
group 4 from 5-45% of the task (p<0.001).

Knee Flex/Ext: Group 1 performed the task with significantly greater knee extension than
groups 2 and 4. Specifically, at 60-70% and 95-100% of the task when compared to group 2
(p<0.001) and at 30-35% of the task when compared to group 4 (p=0.032). However, group 1
performed with significantly greater knee flexion than group 3 at 40-50% and 75-95% of the
task (p<0.001). Group 2 accomplished the task with significantly greater knee flexion than
groups 3 and 4. In particular, at 10-35% and 65-100% when compared to group 3 and at 5565% and 95-100% when compared to group 4 (p<0.001). Group 3 performed the task with
significantly greater knee extension than group 4 from 10-50% of the task (p<0.001).

4.6 Element 6
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Elbow,
Shoulder Abd/Add, Truck Flex/Ext, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext.
When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.
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Elbow: Group 1 performed the task with significantly greater elbow flexion than groups 3 and 4.
Specifically, from 10-15% when compared to group 3 (p=0.040) and at 0-50% when compared
to group 4 (p<0.001). Group 2 accomplished the task with significantly greater elbow flexion
than group 4 from 0-25% and 60-85% of the task (p<0.001). Group 3 completed the task with
significantly greater elbow flexion than group 4 from 50-85% of the task (p<0.001).

Shoulder Abd/Add: Group 1 performed the task with significantly greater shoulder abduction
than all other groups. Specifically, from 5-100% of the task when compared to group 2
(p<0.001), from 5-100% of the task when compared to group 3 (p<0.001) and from 0-100% of
the task when compared to group 4 (p<0.001). Group 2 performed the task with significantly
greater shoulder abduction than group 4 at 5-40% of the task (p<0.001). Group 3 performed
the task with significantly greater shoulder abduction than group 4 at 15-25% of the task
(p=0.026).

Truck Flex/Ext: Group 4 accomplished the task with significantly greater trunk flexion when
compared to all other groups. Specifically, from 10-50% of the task when compared to group 1
(p<0.001), from 5-50% of the task when compared to group 2 (p<0.001) and from 10-55% of the
task when compared to group 3 (p<0.001).

Trunk Lat: Group 1 performed the task with a significantly greater difference in lateral trunk
bending when compared to all other groups. Specifically, from 0-85% of the task when

50

compared to group 2 (p<0.001), from 0-5% and 50-70% of the task when compared to group 3
(p<0.001) and from 0-10% and 40-100% of the task when compared to group 4 (p<0.001).

Hip Flex/Ext: Group 3 performed the task with significantly greater hip extension when
compared to all other groups. Specifically, at 25-35% of the task when compared to group 1
(p=0.001), at 25-40% of the task when compared to group 2 (p<0.001) and at 15-35% of the
task when compared to group 4 (p<0.001).

Knee Flex/Ext: Group 4 performed the task with significantly greater knee flexion when
compared to all other groups. Specifically, from 0-95% of the task when compared to group 1
(p<0.001) and from 20-90% of the task when compared to group 3 (p<0.001).

4.7 Element 7
SPM vector field analyses found significant one-way ANOVA results (p<0.05) for Elbow,
Shoulder Abd/Add, Trunk Lat, Hip Flex/Ext and Knee Flex/Ext.
When statistical significance was reached, post hoc pairwise t-tests were conducted to
determine between which groups significant differences occurred. The post-hoc analysis results
are described below. All relevant plots can be found at appendix A.

Elbow: Group 1 accomplished the task with significantly greater elbow flexion when compared
to all other groups. Specifically, from 75-95% of the task when compared to group 2 (p<0.001),
from 75-95% of the task when compared to group 3 (p<0.001) and from 0-15% and 75-95% of
the task when compared to group 4 (p<0.001).
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Shoulder Abd/Add: Group 4 accomplished the task with significantly greater shoulder
adduction when compared to all other groups. Specifically, at 0-40% of the task when
compared to group 1 (p<0.001), at 65-95% of the task when compared to group 2 (p<0.001) and
at 5-30% and 80-90% of the task when compared to group 3 (p<0.001). Group 2 performed with
significantly greater abduction when compared to groups 1 and 2. Specifically from 75-85% of
the task when compared to group 1 (p=0.037) and from 60-90% of the task when compared to
group 3 (p<0.001).

Trunk Lat: Group 1 accomplished the task with a significantly greater difference in lateral
bending of the trunk when compared to groups 3 and 4. Specifically, from 25-40% and 60-90%
of the task when compared to group 3 (p<0.001) and from 50-65% and 80-100% of the task
when compared to group 4 (p<0.001). Groups 3 and 4 accomplished the task with a significant
difference in lateral bending of the trunk when compared to each other at 95-100% of the task
(p=0.021).

Hip Flex/Ext: Group 3 performed the task with significantly greater hip extension than all
groups. Specifically, at 30-45% of the task when compared to group 1 (p<0.001), at 30-40% of
the task when compared to group 2 (p=0.006) and at 25-45% of the task when compared to
group 4 (p<0.001).
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Knee Flex/Ext: Group 1 performed the task with significantly greater knee extension when
compared to all groups. Specifically, at 10-25% and 95-100% when compared to group 2, at 4555% of the task when compared to group 3 (p=0.003) and at 10-25% and 50-55% of the task
when compared to group 4 (p<0.001). Group 3 performed with significantly greater knee
extension when compared to group 4 at 50-55% of the task (p=0.046).
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CHAPTER 5: DISCUSSION
The current study was designed to assess kinematic joint angle differences between individuals
of four varying height groups while performing various automobile assembly tasks. Ten male
and ten female participants performed seven automobile assembly tasks. The joint angles
evaluated in this study were the elbow (flex/ext), shoulder (abd/add), shoulder (flex/ext), truck
(flex/ext), trunk (lat), hip (flex/ext) and knee (flex/ext). To our knowledge, this was the first
study to explore multi-joint movement patterns during automotive assembly tasks with a focus
on differences in height.
Overall, results from the current study showed that kinematic joint angle differences
between height groups were dependent on the type of task and the joints examined. Of the 49
independent-between group one-way ANOVA tests (seven joints and seven task elements), 40
were found to be statistically significant (p<0.05). Although the overall results did not support
the first hypothesis, there were some group’s joints which were statistically significantly
different for all tasks. The three joints that showed statistical significance between groups for
all seven task elements were shoulder (abd/add), trunk (lat) and knee (flex/ext). However,
some tasks did not show statistically significant differences between groups for certain joints.
The second hypothesis was supported by the results as each group exhibited a unique multijoint coordination pattern during each task with at least one joint showing statistically
significant differences between all other groups for each task. The following will be an
elementwise review of the results found.
Originally proposed by Bernstein (1967) the term “freezing” degrees of freedom (DOF)
refers to two internal joint manipulation methods. The first involves, rigidly fixing separate DOF
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by not using a particular joint or muscles during movement. An example is when a person is
learning to throw a ball, they might lock their wrist and keep it rigid during movement.
Freezing was also referred to by Bernstein (1967) as strong temporary pairing between DOF.
Rather than keeping a particular joint rigid, its movement is paired with another so that their
movement is in phase. In addition, Bernstein (1967) referred to coupling as a movement
solution in which paired joints may exhibit a dynamic phase relationship that may be in-phase
or out-of-phase throughout the course of the movement. Thus, during coupling there may be
stages in the movement when there is freezing between joints and there may be stages when
there is not.

5.1 Element 1
This lift-carry task required participants to perform a two-handed lift and briefly carry a car
door panel to its door frame. The results indicated that all groups performed with similar joint
angle trajectories for both elbow and trunk (flex/ext) joint orientations during the task.
I suggest two alternate explanations for these observations. The first explanation
relates to the environment space (door panel) and the way participants chose to lift and carry
the door panel. The task was done with a particular joint coupling strategy of the elbow and
trunk. The two-handed handling of the door and the squat lift served as functional
biomechanical constraints for these joints in the task space. Work done by (Vereijken, Van
Emmerik, Whiting, & Newell, 1992) provides evidence consistent with task specific joint
coupling strategies. Vereijeken et al. (1992) evaluated individuals performing on a ski simulator
and measured the cross correlation between different sets of joint angle trajectories. Their
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work found that the pattern of cross correlation depended on which joints were analyzed.
There were mechanical couplings between joints that were functional because it is not
physically possible to uncouple them. Coupling of movement was high across individuals for the
hip, knee, and ankle. During Vereijeken et al. (1992) skiing simulation, movement at the hip,
knee and ankle joints are highly dependent on each other to perform the task. In the current
study, similarities between groups may have been due to a combination of the workstation
design layout and biomechanical constraints (functional joint coupling).
Alternatively, the similarities may be due to the study's experimental design and how
the participants were guided to complete the task. The instructions that were given for lifting
technique and hand location acted as a constraining factor. The link between instructional
methods and movement strategies have been explored in the literature, specifically with
regards to the DOF.
Ranganathan and Newell (2008) found that visual feedback on performance during
instruction increased coupling between DOF in movement. Lee et al. (2014) found that
technical instruction of task execution tends to an increase in freezing DOF. Given that
freezing, freeing and coupling of DOF can be thought of as a method of exploring movement
solutions. Instructional methods that encourage certain internal manipulations of the DOF can
influence the similarities in joint angle trajectories seen between groups by encouraging more
rigid movement solutions through freezing DOF or more dynamic movement solutions through
coupling DOF.
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5.2 Element 2
Task element 2 required participants to perform a side mirror install. The key components of
the task included holding the mirror in place, reaching for the appropriate nut, and manually
fastening the mirror part onto the door frame. It should be noted that all data was taken from
the participants' right side while the task required participants to reach and lean to their left
side, then presume an erect posture while fastening the mirror. Overall, the right hip was not
primarily involved in the task, and it played a more passive role in the task as a whole. This
could be an explanation for the decreased amount of variability seen between groups.

5.3 Element 3

Participants were required to simulate an overhead drilling task. The key elements included
precisely aiming the hand drill at three marked regions along the door frame. The results
indicate that elbow joint angle trajectories were similar for all groups. These between group
similarities may be attributed to the reduced DOF due to the task's accuracy demands and,
according to Fitts law (1954) the difficulty of a motor task reduces as the range in movement
becomes smaller. As participants aimed the hand drill at the marked locations and adapted to
the high accuracy demands of the task, they converged towards a more constrained movement
pathway in the elbow joint. In addition, work by Sidaway et al. (1995) provides further
evidence for the constrained movement pathway in the elbow. Their work examined the effect
of accuracy on the flexibility of movement in target reaching tasks, they found that when target
size was reduced (i.e accuracy demand increased) the spatial variability decreased. Overall,
their findings suggested that participants preferred a more constrained movement pathway as
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accuracy demands increased. Similar to the present study, when participants aimed the pistol
grip power tool, the movement pathway at the elbow was constrained to improve target
accuracy.

5.4 Element 4

This task required the participants to perform three pushes of a mechanical button that was
adjacent to a car door frame, then pull wiring through a narrow opening in the door frame. The
key components of the task were the forceful exertions required for the pushing of the buttons
and pulling of the wiring. The reason we did not see a difference in joint angles at the trunk
(flex/ext) was similar to the 2nd task, the right section of the trunk played a passive role during
the task. Participants were required to lean to the left side when performing the button press,
then stand erect when performing the wire pulling. The trunk may have played a much more
active role in maintaining a neutral erect posture throughout the task. This is supported in the
literature as various studies have defined the key role that trunk orientation plays in
determining the center of mass to regulate posture (Stapley et al., 1999; Kingma et al., 1995;
Ivanenko and Gurfinkel, 2018).

5.5 Element 5
Participants were required to push a small and large piece of tubing into their respective
positions as part of a hose installation task. Securing the hose into place may have required
some forceful exertions as the parts were tight-fitting. The similarities between groups in the
sagittal plane shoulder extension (shoulder for/back) could be explained as being due to the
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reduced DOF as was seen in task element 3. However, unlike task element 3, the reduced DOF
are not from the accuracy demands of the task but rather the strength demands.

Due to the tight-fitting nature of the hose and part, participants did not rely solely on
their strength at the shoulder to push. Bernstein (1967) first proposed a motor movement
model that exploits the non-muscular forces to produce a movement solution. Such forces
include reactive, frictional, and inertial forces that enhance the efficiency of the muscular
forces. In the case of this task, rather than extending their shoulders forward to push the pipe
in the sagittal plane, participants executed a strategy that used their body weight to push
forward. This strategy required participants to reduce the DOF at the shoulder during
extension in the sagittal plane. Participants kept a consistent shoulder extension angle of
approximately 60 degrees while pushing. According to Young (2009) workers can generate a
greater horizontal pushing force when using their full body weight. In fact, the Canadian Center
for Occupational Health and Safety (CCOHS, 2021) has a much greater horizontal pushing force
limit at 225N when the whole body is involved compared to 110N when only the arms are used.
In the present study, participants executed a movement strategy that used their body weight to
push the piping into place and to do so they froze the DOF at the shoulder to improve their
strength output, and such this is a strategy that was used by all participants and the reason we
did not see a difference in shoulder (for/back) joint angles between groups.

5.6 Element 6

This task required participants to perform a horizontal fastening of a 30 Nm hard joint using a
right angle power tool. The between group similarities in sagittal plane shoulder movement
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(shoulder for/back) could be explained directly from the task and environment space. All
participants gripped the handle at similar hand positions and tightened the same bolt each
time. When fastening occurred, these consistencies were reflected in the shoulder joint angle
trajectories. Specifically, the angular displacement of the power tool during fastening acted as
a constraint on the shoulder joint's movement trajectory. Work by Antony and Keir (2010)
found similar functional coupling of the hand and shoulder during dynamic exertions. Their
work found that hand grip orientation altered muscle activation at the shoulder. This may be
evidence that the participant's overhand grip posture may have had a direct effect on the
movement of the arm and shoulder in the sagittal plane.

5.7 Element 7
This task required participants to simulate pushing a cart for a distance of 2.5m. In terms of the
shoulder joint, perhaps the handles of the cart served as a constraining factor in the sagittal
plane during extension. Since participants had to keep their hands on the cart as they pushed it,
the hand placement on the handles of the cart standardized the degree of shoulder extension
and the overall shoulder (for/back) trajectory throughout the task for all groups. A similar
occurrence was observed in task element 6 where hand placement and orientation in the task
space influenced the shoulder in the sagittal plane.
As for the trunk (flex/ext) joint trajectory, much of the literature suggests that there
may exist limits of trunk (flex/ext) within which an upright state can be maintained during gait
(Saha et al., 2008; de Groot et al., 2014; Kluger et al., 2014). Dynamic balance during gait is the
ability to preserve the relationship between the body's center of mass and base of support
during upright forward movement (Winter, 1995). As the trunk represents approximately 50%
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of total body mass (Winter, 1990), maintaining consistency in trunk angle is a crucial part in
movement equilibrium. Work by Saha, Gard & Fatone (2008) imply that limits may exist within
which a neutral posture may be maintained. Non-neutral posture may create instability by
altering the relationship between the body's center of mass and base of support. In the current
study, the influence of gait being included in the task standardized the trunk angle trajectory
and that was why there were no differences between groups in trunk angle (flex/ext). A similar
result was found in task element 1 which also involved gait and all groups shared a similar trunk
(flex/ext) joint angle trajectory.

5.8 Coordinative Structures and Movement Optimization
A multi-joint coordination pattern refers to a group's set of seven joint angle trajectory
sequences during each task. A unique multi-joint coordination pattern was defined in
hypothesis 2 as a group's joint angle profile that is non-identical to any other group's (i.e. at
least one statistically different joint angle trajectory). Based on the results, every group in the
present study performed each task with a unique multi-joint coordination pattern as no two
groups shared an identical set of joint angle profiles.
Originally proposed by Turvey (1990), a coordinative structure is a neuro-muscular
linkage spanning several joints between body segments such that they are constrained to act as
one functional unit. The linkage is based on a set of rules which constrain a set of muscles and
joints that produce human motion. Some of the rules that govern human motion are based on
constraints due to the intrinsic dynamics of our bodies, while others must be discovered
through learning as we practice. In a dynamic systems context, such coordinative structures
are also shaped by the environment and task space (Schaal et al., 2007; Davids et al., 2003). In
61

the present study, the environment space included the objects to be manipulated along with
the area participants navigated the space of the workstation. All groups were able to perform
with a unique multi-joint coordination pattern, but in some cases the task and environment
limited motion behavior regardless of differences in height. Examples of this were in the
between group similarities in elbow and trunk (flex/ext) during task element 1 and in the
shoulder (for/back) and trunk (flex/ext) during task element 7.
The intrinsic dynamic properties for coordination of any individual are shaped by several
factors, including genetics, previous experience, or musculoskeletal structure (Glazier and
Mehdizadeh, 2019). These intrinsic dynamics may shape a movement solution to be more
stable and the probability that a certain movement solution would be re-used increases (Glazier
and Mehdizadeh, 2019). These properties help guide an individual towards an optimal
movement solution and since these intrinsic properties vary for all individuals, they lead
everyone to perform with a unique optimal movement solution (Glazier and Mehdizadeh,
2019). It should be noted that an optimal movement solution is not a singular movement
pattern, but rather a family of coordinated movement patterns. As explained by Latash (2000),
having a family of variable solutions to solve a motor task allows an individual to be adaptable.
Some variability in movement allows for an individual to adapt their motion when
perturbations interfere (Todorov and Jordan, 2002). Put into context of the present study,
everyone possessed their own intrinsic dynamic properties for coordination which guided them
to an optimal movement solution during each task. If possible, once everyone’s movement
solution repertoire has been identified, subgroups of individuals that share common movement
solutions may be formed and the general principles that govern their movement can be
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identified (Kostrubiec, Fuchs & Kelso., 2012). The current study did not recruit individuals on
other major morphological factors that contribute to the intrinsic dynamic properties. These
factors include sex, age, body mass index (BMI) and body composition (Ku et al., 2012; Wearing
et al., 2006; Martinez et al., 2020; Hills et al., 2002; Côté, 2012; Dahlberg et al., 2004). Thus, a
major contributing factor to determining the movement solution that an individual may
converge is dependent on the intrinsic dynamic properties of the individual.
The optimal movement solution is one that optimizes on minimizing some cost measure
(Glazier and Davids, 2009; Hu and Newell, 2011). Such a cost measure is dependent on the
specific scenario. For example, the accuracy demands required to aim the power tool in task
element 3 required participants to navigate movements in a manner that maximized on
precision. Depending on the individual's intrinsic dynamic properties, they may need to make a
number of adjustments some of which may include improving line-of-sight, lowering their base
of support or, coupling/freezing DOF of joints (Godwin and Eger, 2009; Lafond, Corriveau &
Prince., 2004; Guimaraes et al., 2020; Gray, 2020). As stated by Glazier and Davids (2009), the
behavior of a biological system will always be optimal for the particular set of constraints acting
on the system.
For each system, there are a set of coordinate structures that are more stable (and thus
more likely to emerge) than others (Fitch, Tuller & Turvey, 1982). An example of this
phenomenon is in locomotion. Although there are a variety of orientations of the ankle, knee,
and hip joints, once a person starts walking a systematic pattern emerges due to the constraints
on the flexors and extensors in each limb. Regardless of whether an individual walks or sprints,
the system maintains a distinct transfer and support phase (Thorp and Adamczyk, 2020;
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Hebenstreit et al., 2015). In the current study, individuals had their own set of stable
coordinative structures for each task. These coordinative structures presented themselves as
everyone’s unique movement solution and the unique solutions were aggregated as the
movement solution for each height group.
In a study published by Yang and Scholtz (2005), the authors explore several complex
movements and their performance variables. Their work found a link between the importance
of each performance variable and the amount of variability present within the performance
variables. This raises the intriguing possibility that the relative amount of variability, when
evaluated with respect to the different joints, could provide an indication of the relative
importance of the joints during the task. For example, in task element 5 when we observed a
greater amount of between group variability in shoulder (abd/add) but not in shoulder
(for/back), it suggests that a certain shoulder (for/back) trajectory may be more important for
the task than any shoulder (abd/add) trajectory regardless of height. As explained in the task
element 5 section, the freezing of the shoulder joint in the sagittal plane was required in order
for participants to improve their strength output for pushing the piping into place by using their
body weight.
To conclude, the coordination pattern that emerged while completing the tasks
depended on the interacting constraints faced by the individual. As stated by Newell and
Vaillancourt (2001), how the problem of movement coordination is solved depends on the task,
environment, and individual's constraints. The present study kept a consistent environment
and task space for all individuals. The constraints that varied were those within everyone in
each height group. Their intrinsic dynamic properties contributed to their coordinative
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structures and the final movement solution each group converged to. During each task, there
were some properties of the movement solutions that were similar for all groups. These were
the similar between group joint angle trajectories. However, each group performed each task
with a uniquely different multi-joint coordination structure.

5.9 Hypotheses Revisited
1. For each joint angle and during each task element, at least one group will have a joint angle
curve that varies statistically significantly (p<0.05) from the rest.
The current results failed to confirm this hypothesis, as 9 of the 49 independent oneway ANOVA tests showed no statistically significant difference between groups. This suggests
that kinematic joint angle differences between height groups were contingent on the type of
task and the joint angles that were being assessed.

2. All height groups will exhibit a unique multi-joint coordination pattern during each set of
tasks based on the environmental and task constraints. This will be reflected as a statistically
significant difference (p<0.05) between groups for at least one joint during each task.
The current results confirmed this hypothesis as every group performed with at least
one statistically significantly different joint angle trajectory for all other groups during each
task. This is in accordance with the idea that every group performed with a unique multi-joint
coordination pattern during each task.

65

5.9 Limitations and Assumptions
The limitations and assumptions in the present study focus on the height distribution within
and between groups. The data used for this thesis was not from a study that recruited
participants based on height. Therefore, to use the data for the current study, participants were
grouped in a manner that best represented the various ranges of the height population within
the study. A major limitation of organizing groups this way was the major discrepancy in
between and within group height variance. Ideally, we would have designed the within group
height variance (difference between tallest and shortest person in each group) to be minimal
and consistent within groups. The ranges in height within groups were inconsistent and broad.
Also, the between group differences in mean height should be consistent across groups also
should be addressed in the future. Between groups, some were much closer in height than
others which may have affected the kinematic variability between groups.
The present study only examined differences in height to assess movement variability.
It must be noted that there were some other major morphological factors that were not
accounted for in our analysis these include sex, age, BMI and body composition. The literature
has identified these factors to have an effect in movement variability and postural control as
well (Ku et al., 2012; Wearing et al., 2006; Martinez et al., 2020; Hills et al., 2002; Côté, 2012;
Dahlberg et al., 2004).
To minimize bias in automotive assembly familiarity, participants who did not have any
prior industry experience were selected for the study. Participants were given an opportunity
to familiarize themselves with the task, however the inexperience of the participants may have
affected their performance. Some joint angle trajectories did display a greater joint angle
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variability than others. A greater joint variability within groups could be interpreted as an
exploration of different potential movement solutions in search for an optimal movement
pattern. Perhaps participants were still in a learning phase during the first few trials and
perhaps this learning phase may have varied based on the task and its complexity. Research by
Potvin et al. (2000) demonstrated that skill differences between experienced and
unexperienced individuals can be significantly reduced through an adequate training protocol.
The present study may not have adopted an adequate training protocol.
Another major factor that deserves some attention is the pace of work. Although all
joint angle trajectories were normalized to a standard length, it should be noted that time for
task completion varied between and within groups. Studies have found that variability in work
pace can have an impact on kinematic variability (Harris and Wolpert, 1998; Bosch et al., 2011;
Srinivasan et al., 2015). A possible limitation in the present study was that we did not consider
the variability in pace of work.
In addition, our data only analyzed the right-side kinematics for all participants. It would
be ideal to look at both the right and left side kinematics. The present study assumed that right
side kinematics served as somewhat of an estimate of the left side. While this may have been
true for tasks that involved symmetric motion, it may not be true for tasks that require an
asymmetric posture, as was the case for some of the tasks involved. Also, the handedness of
participants was not accounted for in the methodology. Two different studies, one done by
Hoffman and Halliday (1995) and another done by Lim and Hoffman (2015) found that the
handedness of an individual has an impact on performance strategy during manual assembly
tasks.
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CHAPTER 6: CONCLUSIONS
This study demonstrated that kinematic joint angle differences between the designated
height groups were contingent on the type of task and the joints in question. Also, the present
study showed that the different height groups performed the tasks with a unique multi-joint
coordination pattern from each other. In a global perspective, the present study suggests that
individuals who share similar anthropometric attributes may share similarities in movement
when the task and environment constraints remain the same. These movement similarities
may be specific to a joint or a region of joints depending on the joint interconnectivity and the
degrees of freedom.
Furthermore, it was found that objects in the task space can serve as constraining
factors for motion behaviour depending on the task. In tasks which some manual material
handling and gait were involved, all participants regardless of group shared a similar trunk
flexion trajectory throughout the task. We postulate that this may have to do with posture
regulation and balancing the center of mass.

6.1 Implications to Industry
The current study is part of a larger project that seeks to improve the process of creating full
workstation simulations within the current Siemens solutions (Jack™ & Process Simulate). The
motion sequences collected will be used to create a dynamic motion library that will be
integrated into DHM software (Jack™ & Process Simulate) to aid engineers/ergonomists when
simulating certain tasks in the automobile assembly industry. This will reduce the extensive
amount of time required during manual posturing efforts for engineers/ergonomists.
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In addition, the motion data from the captured tasks can provide
engineers/ergonomists with knowledge of human behaviour during the current automobile
assembly tasks. This is beneficial as studies have found that engineers/ergonomists manual
posturing estimations can result in error and be subsequently disastrous when final ergonomic
decisions are made (Kajaks, Stephens, & Potvin, 2011; Lamkull et al., 2008; Raschke et al., 2005;
Stephens & Godin, 2006).

6.2 Future Research Directions
The current study is part of a larger project that seeks to improve the process of creating full
workstation simulations within the current Siemens solutions (Jack™ & Process Simulate). The
next phase of the project will analyze kinematic variability between individuals of different sex
and percentile height groups during another set of automotive assembly tasks. Specifically, 5th
percentile female, 50th percentile female and 95th percentile male height groups will be the
designated height ranges. In addition, within and between group variability will be examined in
order to gain a deeper understanding group movement patterns.
Beyond the scope of this project, future studies should explore the role that other
participant morphological characteristics play in movement and postural control. These
characteristics include weight, age, BMI and body composition. The literature has shown that
they do play a role in determining movement, it would be interesting to evaluate how
significant these morphological characteristics are in dictating movement variability (Ku et al.,
2012; Wearing et al., 2006; Martinez et al., 2020; Hills et al., 2002; Côté, 2012; Dahlberg et al.,
2004).
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Another aspect of movement variability that would be intriguing to evaluate would be
the pace at which participants converge as their "steady pace". It would be interesting to
evaluate how many trials or how long it takes for participants to reach a steady rate of task
completion for different tasks and whether the number of trials is different between height
groups. Perhaps rather than having a set number of trials, a set time amount for each task
would be more ideal as it would attract participants to converge to a steadier pace of work.
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APPENDIX
Element 1
Elbow

Figure 18 - Elbow flexion/extension joint kinematics dataset for task element 1. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Shoulder Abd/Add

Figure 19 - a) Shoulder abduction/adduction joint kinematics dataset for task element 1. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=7.24, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back
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Figure 20 - a) Shoulder forward/backwards joint kinematics dataset for task element 1. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=6.54, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Truck Flex/Ext

Figure 21 - Trunk flexion/extension joint kinematics dataset for task element 1. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Trunk Lat
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Figure 22 - a) Trunk lateral bending joint kinematics dataset for task element 1. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.74, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 23 - a) Hip flexion/extension joint kinematics dataset for task element 1. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.10, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 24 - a) Knee flexion/extension joint kinematics dataset for task element 1. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=8.02, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 2
Elbow

Figure 25 - a) Elbow flexion/extension joint kinematics dataset for task element 2. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.99, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Shoulder Abd/Add
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Figure 26 - a) Shoulder abduction/adduction joint kinematics dataset for task element 2. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=7.40, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back
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Figure 27 - a) Shoulder forward/backwards joint kinematics dataset for task element 2. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=7.51, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Truck Flex/Ext
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Figure 28 - a) Trunk flexion/extension joint kinematics dataset for task element 2. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.43, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Trunk Lat
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Figure 29 - a) Trunk lateral bending joint kinematics dataset for task element 2. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.43, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext

Figure 30 - Hip flexion/extension joint kinematics dataset for task element 2. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Knee Flex/Ext
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Figure 31 - a) Knee flexion/extension joint kinematics dataset for task element 2. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=14.21, (α = 0.05).
b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 3
Elbow

Figure 32 - Elbow flexion/extension joint kinematics dataset for task element 3. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Shoulder Abd/Add

Figure 33 - a) Shoulder abduction/adduction joint kinematics dataset for task element 3. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=7.55, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back
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Figure 34 - a) Shoulder forward/backwards joint kinematics dataset for task element 3. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=6.87, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Truck Flex/Ext
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Figure 35 - a) Trunk flexion/extension joint kinematics dataset for task element 3. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.20, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Trunk Lat
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Figure 36 - a) Trunk lateral bending joint kinematics dataset for task element 3. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=5.91, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 37 - a) Hip flexion/extension joint kinematics dataset for task element 3. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.41, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 38 - a) Knee flexion/extension joint kinematics dataset for task element 3. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=14.34, (α = 0.05).
b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 4
Elbow

Figure 39 - a) Shoulder abduction/adduction joint kinematics dataset for task element 4. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=6.90, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder Abd/Add

100

Figure 40 - a) Shoulder abduction/adduction joint kinematics dataset for task element 4. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=8.64, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back

101

Figure 371 - a) Shoulder forward/backwards joint kinematics dataset for task element 4. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=6.81, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Truck Flex/Ext

Figure 42 - Trunk flexion/extension joint kinematics dataset for task element 4. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Trunk Lat
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Figure 43 - a) Trunk lateral bending joint kinematics dataset for task element 4. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.91, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 384 - a) Hip flexion/extension joint kinematics dataset for task element 4. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.0, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 395 - a) Knee flexion/extension joint kinematics dataset for task element 4. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=8.12, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 5
Elbow

Figure 46 - a) Elbow flexion/extension joint kinematics dataset for task element 5. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.69, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Shoulder Abd/Add
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Figure 47 - a) Shoulder abduction/adduction joint kinematics dataset for task element 5. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=7.67, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back

Figure 48 - Shoulder forward/backwards joint kinematics dataset for task element 5. All trials for the
representative subjects are grouped by colour. The between group differences were not statistically significant.

Truck Flex/Ext
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Figure 49 - a) Trunk flexion/extension joint kinematics dataset for task element 5. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.64, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Trunk Lat
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Figure 50 - a) Trunk lateral bending joint kinematics dataset for task element 5. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.72, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 51 - a) Hip flexion/extension joint kinematics dataset for task element 5. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.78, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 52 - a) Knee flexion/extension joint kinematics dataset for task element 5. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.08, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 6
Elbow

Figure 53 - a) Elbow flexion/extension joint kinematics dataset for task element 6. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.83, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Figure 54 - a) Shoulder abduction/adduction joint kinematics dataset for task element 6. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=6.52, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back

Figure 55 - Shoulder forward/backwards joint kinematics dataset for task element 6. All trials for the
representative subjects are grouped by colour. The between group differences were not statistically significant.

Truck Flex/Ext
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Figure 56 - a) Trunk flexion/extension joint kinematics dataset for task element 6. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.50, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Figure 57 - a) Trunk lateral bending joint kinematics dataset for task element 6. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.60, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 58 - a) Hip flexion/extension joint kinematics dataset for task element 6. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.61, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 59 - a) Knee flexion/extension joint kinematics dataset for task element 6. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=11.23, (α = 0.05).
b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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Element 7
Elbow

Figure 60 - a) Elbow flexion/extension joint kinematics dataset for task element 7. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.11, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Shoulder Abd/Add
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Figure 61 - a) Shoulder abduction/adduction joint kinematics dataset for task element 7. All trials for the
representative subjects are grouped by colour. The between group differences were statistically significant
F*=5.99, (α = 0.05). b) Numeric representation of post hoc t-test results. c) Graphical representation of post hoc ttest results and pairwise mean-standard deviation comparisons between groups.

Shoulder For/Back

Figure 62 - Shoulder forward/backwards joint kinematics dataset for task element 7. All trials for the
representative subjects are grouped by colour. The between group differences were not statistically significant.

Truck Flex/Ext
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Figure 63 - Trunk flexion/extension joint kinematics dataset for task element 7. All trials for the representative
subjects are grouped by colour. The between group differences were not statistically significant.

Trunk Lat

Figure 64 - a) Trunk lateral bending joint kinematics dataset for task element 7. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.83, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Hip Flex/Ext
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Figure 65 - a) Hip flexion/extension joint kinematics dataset for task element 7. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=6.57, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.

Knee Flex/Ext
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Figure 66 - a) Knee flexion/extension joint kinematics dataset for task element 7. All trials for the representative
subjects are grouped by colour. The between group differences were statistically significant F*=7.81, (α = 0.05). b)
Numeric representation of post hoc t-test results. c) Graphical representation of post hoc t-test results and
pairwise mean-standard deviation comparisons between groups.
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